
Today
• HW 3 due April 1
• Project due April 15
• In the News: more on Vitamin D
• nonparametric and semi-parametric regression
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Recap: Regression splines
• regression splines are ‘hand-crafted’: bs(x, df = ?)

• once crafted, model is parametric

• yi = f (xi) + εi =

M∑
m=1

βmhm(xi) + εi df = M

• degrees of freedom controls how many knots are placed
• equivalent to how many parameters are fit

• ELM, §11.2 constructs linear splines ‘by hand’ Figure 11.7

• a different approach is smoothing splines –
put a LOT of knots, and regularize
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Smoothing splines ELM §11.2, SM §10.7.2

• yi = f (xi) + εi, i = 1, . . . , n

• choose f (·) to solve

min
f

n∑
i=1

{y− f (xi)}2

2σ2 − λ

2σ2

∫ b

a
{f ′′(t)}2dt, , λ > 0

• solution is a cubic spline, with knots at each observed xi

value
see SM Figure 10.18 for a non-regularized solution

• has an explicit, finite dimensional solution
• f̂ = {f̂ (x1), . . . , f̂ (xn)} = (I + λK)−1y = Sλy as with local

polynomials
• K is a symmetric n× n matrix of rank n− 2
• minimize over all differentiable functions with an absolutely

continuous first derivative
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Multidimensional splines
• so far we are considering just 1 explanatory variable

yi = f (xi) + εi

• thin plate splines smooth two or more inputs
simultaneously, but computational difficulty increases
rapidly

• kernel smoothing can handle bivariate inputs as well
ELM §11.7

• additive models: yi = f1(x1i) + f2(x2i) + · · ·+ fp(xpi) + εi

ELM Ch. 12

• binary response: logit(pi) = f1(x1i) + f2(x2i) + · · ·+ fp(xpi)

• generalized additive models:
g{E(yi)} = f1(x1i) + f2(x2i) + · · ·+ fp(xpi)
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Wavelets ELM §11.4

• basis functions with very ‘local’ support
• useful for capturing regions of high variation
• useful for data compression – transmit only local

components Fig 11.11
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... wavelets

Vidaković and Mueller, ”Wavelets for kids (Part I)” 1994.
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http://gtwavelet.bme.gatech.edu/wp/kidsA.pdf


Which smoothing method? ELM §11.6

• basis functions: natural splines, Fourier, wavelet bases
• regularization via cubic smoothing splines
• kernel smoothers: locally constant/linear/polynomial
• adaptive bandwidth, running medians, running

M-estimates
• with very little noise, a small amount of local smoothing

(e.g. nearest neighbours)
• with moderate amounts of noise, kernel and spline

methods are effective
• with large amounts of noise, parametric methods are more

attractive
• “It is not reasonable to claim that any one smoother is

better than the rest”
I loess is robust to outliers, and provides smooth fits
I spline smoothers are more efficient, but potentially sensitive

to outliers
I kernel smoothers are very sensitive to bandwidth
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Shrinkage Methods Elements of Statistical Learning, Hastie et al. §3.4

• Ridge regression
•

β̂LS = (XTX)−1XTy

β̂ridge = (XTX + λI)−1XTy

• can show that β̂ridge satisfies

min
β

(
Σ{yi − β0 − Σp

j=1xijβj}2 + λΣp
j=1β

2
j

)
min
β

Σ{yi − β0 − Σp
j=1xijβj}2 s.t. Σβ2

j ≤ t

• Assume xj’s are centered and put these in matrix X (with
no column of 1’s:

min
β

(y− Xβ)T(y− Xβ) s.t. ||β||2 ≤ t
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... ridge regression
•

min
β
{(y− Xβ)T(y− Xβ) + λ||β||2}

• λ is a tuning parameter: λ = 0 gives β̂LS, λ→∞

• in R the library MASS library(MASS) has a ridge
regression version of lm called lm.ridge
• if columns of X are nearly linearly dependent

(multicollinearity), β̂’s for these columns should be shrunk
towards 0.
• essential that the predictors are all scaled to the same units
• this is difficult for interpretation of the coefficients
•

df (λ) = tr[X(XTX + λI)−1XT ] = Σp
j=1

d2
j

d2
j + λ

effective number of parameters
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Lasso
•

min
β

(
Σ{yi − β0 − Σp

j=1xijβj}2 + λΣp
j=1|βj|

)
•

min
β

Σ{yi − β0 − Σp
j=1xijβj}2 s.t. Σ|βj| ≤ t

• quadratic programming problem
• β̂lasso is nonlinear function of y

• Tibshirani (1996), JRSS B and (2011), JRSS B
• http://http:
//www-stat.stanford.edu/˜tibs/lasso.html
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http://http://www-stat.stanford.edu/~tibs/lasso.html
http://http://www-stat.stanford.edu/~tibs/lasso.html




... shrinkage
• ridge regression gives “proportional shrinkage”
• subset selection gives “hard thresholding” (some βj → 0)
• lasso gives “soft thresholding”: blend of shrinkage and

zeroing

• elastic net combines lasso and ridge regression

min
β

∑{yi − β0 − Σp
j=1xijβj}2 + λ1

p∑
j=1

|βj|+ λ2

p∑
j=1

β2
j


• implemented in R in library(glmnet)

• estimates of coefficients are biased (but may have small
mean-squared error)
• Lasso is now used as a variable selection method
• improvements in algorithms allow fast computation even for

p > n
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Prostate data Ch.3, HTF

> prostate <- read.csv(file="prostate.data",sep="\t")
## data is at http://statweb.stanford.edu/˜tibs/ElemStatLearn/datasets/prostate.data

> head(prostate)
lcavol lweight age lbph svi lcp gleason pgg45

1 -0.5798185 2.769459 50 -1.386294 0 -1.386294 6 0
2 -0.9942523 3.319626 58 -1.386294 0 -1.386294 6 0
3 -0.5108256 2.691243 74 -1.386294 0 -1.386294 7 20
4 -1.2039728 3.282789 58 -1.386294 0 -1.386294 6 0
5 0.7514161 3.432373 62 -1.386294 0 -1.386294 6 0
6 -1.0498221 3.228826 50 -1.386294 0 -1.386294 6 0

lpsa train
1 -0.4307829 TRUE
2 -0.1625189 TRUE
3 -0.1625189 TRUE
4 -0.1625189 TRUE
5 0.3715636 TRUE
6 0.7654678 TRUE

> xp <- scale(prostate[,1:8])
> y <- prostate[,9]
> train <- prostate[,10]
## standardize data; y is the response (log psa); extract training data
##
> library(glmnet)
> pr.lasso <- glmnet(xp[train,],y[train]) #Lasso
> pr.lasso2 <- glmnet(xp[train,],y[train], alpha=0) # ridge
> plot(pr.lasso); plot(pr.lasso2)
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... prostate data
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... prostate data
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Vitamin D again
3/17/2015 PubMed Central, Figure 1: Nutrients. 2014 Oct; 6(10): 4472–4475. Published online 2014 Oct 20. doi:  10.3390/nu6104472

http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4210929/figure/nutrients-06-04472-f001/ 1/2

<< Prev Figure 1 Next >>PMC full text: Nutrients. 2014 Oct; 6(10): 4472–4475.
Published online 2014 Oct 20. doi:  10.3390/nu6104472
Copyright/License ► Request permission to reuse

Figure 1

Dose response relationship of vitamin D intake and serum 25 hydroxyvitamin D.

Images in this article

STA 2201: Applied Statistics II April 1, 2015 17/25





... vitamin D Institute of Medicine
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http://www.iom.edu/




Link

http://jama.jamanetwork.com/article.aspx?articleid=2165869&resultClick=3


Homeopathy again
Link
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http://www.theglobeandmail.com/globe-debate/were-aiding-and-abetting-homeopathic-quackery/article23701139/


Link

https://www.nhmrc.gov.au/_files_nhmrc/publications/attachments/cam02_nhmrc_statement_homeopathy.pdf

